This study focuses on the variability of lake evaporation and also the periodic relationships among hydro-meteorological variables. The monthly hydro-meteorological data of Lake Keban were investigated by wavelet transforms. The results show that the main periodicity is on an annual scale. This periodicity is weaker for precipitation and wind speed but higher for evaporation, temperature, runoff and relative humidity. In addition to this, the continuous wavelet figures show some weak periodicities on the almost 10-year scale level but they are not continuous over time. Also, strong events on a shortterm monthly scale are seen for evaporation, precipitation and runoff in 1988. This event in 1988 may be explained by the 1988 La Niña event, which was one of the strongest on record. Also, the periodicities on the 2-8-month scales in the precipitation data can be interpreted as being connected with the strong El Niño events of 1982 and 1992.
Introduction
Evaporation is the process by which water changes from its liquid form to its gas form. Approximately 80% of all evaporation is from the oceans, with the remaining 20% coming from inland water and vegetation.
Knowledge of variability in evaporation is important to many researchers in water resources, agriculture and climate change. Variations in lake evaporation have a significant impact on the energy and water budgets of lakes (Lenters et al. 2005) . Although more than two-thirds of the world is covered with water, the amount of useable water is not adequate in some places (Gökbulak and Özhan 2006) . Because of this, analysis and variability of the water loss through evaporation from the water surfaces of lakes and dammed reservoirs is critically important. The rate of evaporation depends especially upon wind speed (the higher the wind speed, the greater the evaporation), temperature (the higher the temperature, the greater the evaporation) and humidity (the lower the humidity, the greater the evaporation). Furthermore, evaporation is associated with precipitation over the lake or dammed reservoir and the surrounding watershed and streamflow. Also, the long-term variability in lake evaporation together with varying climatic and hydrological characteristics must be studied in order to better understand the variations in evaporation (Lenters et al. 2005) .
Generally, studies on lake evaporation include different methods of evaporation measurement, such as mass transfer, water balance methods and energy budget methods (Winter et al. 1995 (Winter et al. , 2003 . Lenters et al. (2005) researched a 10-year analysis of the seasonal, intra-seasonal, and inter-annual variations in lake evaporation for Sparkling Lake in northern Wisconsin (USA) using the energy budget method. These researchers found that intra-seasonal changes in evaporation are mainly associated with synoptic weather variations. The seasonal variations in evaporation are considered to be primarily through temperature and radiation. Mohamed et al. (2004) studied spatial variability of evaporation in the swamps of the upper Nile by remote sensing techniques. In their studies, the derived actual evaporation, using the Surface Energy Balance Algorithm for Land (SEBAL), was used to verify moisture exchanges between the land surface and the atmosphere in a regional climate model. Assouline and Mahrer (1996) characterized the variability in meteorological variables (air temperature, humidity, water surface temperature and wind velocity) and evaporation rates over Lake Kinneret, Israel. Some studies have shown that atmospheric circulation and rainfall are importantly affected by large-scale variations in evaporation and soil moisture (Mohamed et al. 2004) .
The hydro-meteorological time series is known as a natural series and generally its statistical characteristics change over time. The wavelet transform is a useable tool for timescale analysis of non-stationary signals, such as hydrological time series (Daubechies 1990 , Polikar 1999 , Pisoft et al. 2004 ). Wavelet analysis clearly shows a three-dimensional time-frequency image and overcomes the difficulty of determining variability using traditional methods (Holmgren et al. 2003) . There are many applications for wavelet analysis in the literature. For example, wavelet transform was employed for streamflow characterization by Smith et al. (1998) , for analysis of El Niño Southern Oscillation by Torrence and Compo (1998) , and for research on the inter-decadal and inter-annual characteristics of precipitation (Lu 2002 , Xingang et al. 2003 , Penalba and Vargas 2004 . Wavelet transforms are a very useful definition especially with respect to connections between hydro-meteorological variables, for example Nakken (1999) , Kulkarni (2000) , Labat et al. (2000) and Yan et al. (2004) . In another study, Drago and Boxall (2002) researched the relationship between sea-level variability and the meteorological variables of Malta. In their study, the atmospheric variables (wind speed, wind direction, air pressure, temperature, relative humidity and solar radiation) and the hourly averaged sea levels were decomposed by discrete wavelet transform and compared with each other in detail. None of these studies in the literature addressed the application of time-scale analysis to evaporation and the relationships between evaporation and hydro-meteorological data by wavelet transforms.
The approach adopted in this study aims to explore the periodic fluctuations in evaporation from the Lake Keban reservoir (Turkey). Also, periodic relationships between the relevant hydro-meteorological variables such as precipitation, relative humidity, wind speed, temperature, lake streamflow and evaporation are investigated. Continuous wavelet transformation presents the observed time series in terms of both time and scale. This involves a transform from a one-dimensional time series (or frequency spectrum) to a three-dimensional time-frequency image (Torrence and Compo 1998) . Wavelet analysis will thus clearly show frequency and amplitude modulation of the climatic oscillations over time (Holmgren et al. 2003) . Also, the evaporation data and the hydro-meteorological data can be decomposed into the wavelet sub-time series by the discrete wavelet transformation. So, the statistical interpretation of the wavelet components is presented. Continuous wavelet analysis on Turkey's hydrometeorological data has only recently been adopted for research into periodicities and short-or long-term variability.
Methods

Continuous wavelet transform
The wavelet transform is a time-frequency decomposition that uses wavelet functions localized in both time and frequency as the basis (Daubechies 1990 ). The wavelet transform, developed over the past few decades, appears to be a more effective tool than the Fourier transform (FT), which does not provide accurate time-frequency analysis for nonstationary signals (Coulibaly and Burn 2004) . Wavelet analysis detects periodicities in the time series and also shows their time dependences (Taleb and Druyan 2003) . Continuous wavelet transform provides an ideal opportunity to examine the process of energy variations in terms of where and when hydrological events occur (Küçük and Ağıralioğlu 2006) .
A wavelet function ψ (τ,s) can be written as:
where t is time, s is wavelet scale, and τ is the time step in which the window function is iterated (Meyer 1993 
where ω 0 is non-dimensional frequency, and η is a nondimensional time parameter (Anctil and Tape 2004) . The advantage of the Morlet wavelet function is that it gives a good definition of the signal in spectral space (Coulibaly and Burn 2004) . The continuous wavelet coefficient is given by the convolution of x(t) with a scaled and translated ψ (τ,s):
where * indicates the conjugate complex function. By smoothly varying both s and τ, one can construct a twodimensional picture of wavelet power, |W(τ,s)| 2 , showing the frequency (or scale) of the peaks in the spectrum of x(t), and how these peaks change with time (Drago and Boxall 2002) .
The lower scales refer to a compressed wavelet and allow us to trace the abrupt changes or high-frequency component of a signal. On the other hand, the higher scales composed by the stretched version of a wavelet and the corresponding coefficients represent slowly progressing occurrences or lowfrequency components of the signal.
The significance of the wavelet spectra can be determined by significance testing based on the background (or noise) spectrum (Coulibaly and Burn 2004) . The noise spectrum depends on the nature of the data (Lafreniere and Sharp 2003) . For the process, if the lag-1 autocorrelation coefficient (ρ) (lag-1 autoregressive parameter) is positive (ρ > 0), then the process is red noise (increasing variance with increasing scale). If the lag-1 autocorrelation coefficient is 0, then the process is white noise (constant variance across all scales) (Torrence and Compo 1998, Lafreniere and Sharp 2003) . The continuous wavelet spectra of the time series are compared with the spectrum of the background process at the 95% confidence level (Lafreniere and Sharp 2003) . For the noise process, more detailed knowledge is presented by Torrence and Compo (1998) or Lafreniere and Sharp (2003) .
Discrete wavelet transform
In the discrete wavelet transforms, the wavelet coefficients are only obtained at defined scales. The most common wavelet scales are dyadic scales. This transform is called the discrete wavelet transform and is described by:
where m and n are integers that control, respectively, the scale and time; s 0 is a specified fixed dilation step greater than 1; and τ 0 is the location parameter and must be greater than zero. The most common choice for the parameters s 0 and τ 0 is 2 and 1 (time steps), respectively. Discrete wavelet transforms that present the power of two logarithmic scalings of the translations are the most efficient solution for practical purposes (Mallat 1989) . For a discrete time series x i , where x i occurs at discrete time i (i.e. here integer time steps are used), the discrete wavelet transform becomes:
Àm i À nÞ (5) where, W m;n is the wavelet coefficient for the discrete wavelet of scale s ¼ 2 m and locationτ ¼ 2 m n. The discrete wavelet transform provides one or more detailed series and an approximation at different scales.
Global wavelet spectrum
Assuming a vertical slice through a wavelet plot as a measure of the local spectrum, the time-averaged wavelet spectrum over all specified periods or all the local wavelet spectra is then expressed as:
where T is the number of points in the time series. The timeaveraged wavelet spectrum is generally called the global wavelet spectrum (GWS) (Torrence and Compo 1998) . The smoothed Fourier spectrum approaches the GWS when the amount of necessary smoothing decreases with increasing scale. So, the GWS provides an unbiased and consistent estimation of the true power spectrum, which is a useful tool in the analysis of non-stationary time series. Spectral components are defined as the frequency in a power spectrum and periodic components are ordered according to period scales in a GWS. A global spectrum is calculated via the continuous spectrum; therefore, the initial and final time of the periodic components can also be determined.
Description of data
The daily evaporation rate from the water's surface varies in the range 1-10 mm depending on the meteorological conditions (Bayazıt 2001) . The evaporation rate is very important for lakes or dammed reservoirs. Water loss, especially through evaporation from lakes or reservoirs, is very serious across the globe, as for Turkey. For instance, water evaporation from the Keban Dam reservoir is estimated at almost 800 million m 3 each year (Bayazıt 2001) . Figure 1 (a) shows total evaporation distribution (for the period May-October) over Turkey for 1975 . The Lake Keban reservoir (marked by the box in Fig. 1(a) ) has significant water loss through evaporation. From Figure 1 it can be seen that the annual total evaporation for most of Turkey is more than 1000 mm.
The evaporation amount cannot be measured directly from the water's surface due to several difficulties. Evaporation can be determined using water balance or energy balance or mass transfer methods. Alternatively, it can be computed on the basis of measurements of pan evaporation by a coefficient (Bayazıt 2001) . The pan coefficient varies between 0.70 and 0.75 for lake or reservoir surfaces (Gökbulak and Özhan 2006) .
In this study, the wavelet transforms were undertaken on data for the Keban station, operated by the State Meteorological Service (DMI). The Keban meteorological station is located almost 3 km from the Keban Dam reservoir, which is in the East Anatolia Region (Fig. 1(b) ), located in the GAP (Southeast Anatolia Project) Region. The surface area of this reservoir is approximately 675 km 2 . The lake volume is approximately 31 000 hm 3 . The river runoff (R) data come from the Dedikusagi station (station no. 2147) on the Munzur stream in the Fırat basin ( Fig. 1(b) ).
In addition, the meteorological time series for the monthly average of daily mean temperature (T), monthly total specific humidity (H), monthly total evaporation (E), monthly average of daily mean wind speed (W) and monthly total precipitation (P) are employed in the whole study. The time period of the monthly hydro-meteorological data is 30 years from 1973 to 2002 (runoff data are available for the period . The data were found to be homogeneous for this period (Partal and Cigizoglu 2009) . Monthly values of the hydro-climatic variables in the period 1973-2002 are depicted in Figure 2 . Related statistical information for the hydrometeorological data is presented in Table 1 . The mean monthly total evaporation is 140 mm, while the maximum monthly total evaporation is 492 mm. On the other hand, the mean total precipitation is 30.4 mm, while the maximum monthly total evaporation is 174.4 mm. The average monthly runoff is 33 m 3 /s. It can be seen from Table 1 that the runoff data show a scattered distribution (the skewness coefficient for the runoff data is 1.70). However, the skewness coefficients of the average temperature and the average relative humidity show quite low values. The cross-correlation between the monthly mean runoff and the monthly total precipitation is 0.31. The cross-correlation between the monthly mean temperature and the monthly total evaporation records has a significant value (0.93).
Application
Wavelet analysis of hydro-meteorological data
For the subject of this study, the continuous wavelet spectrum and GWS of the data were researched. The Morlet wavelet was used as the main wavelet function. The effective periodic events are seen as light regions on the continuous wavelet spectrum (CWS) and peaks of the GWS. The CWS and GWS of the monthly evaporation data are shown in Figure 3 . The dominance of the annual cycle (12 months) is evident in the GWS and the CWS of the data. The dashed white line is the cone of influence of the wavelet analysis depending on the red-noise process (Coulibaly and Burn 2004) . This means that the white line presents periodic events statistically significant at the 95% confidence level for a red-noise process with determined lag-1 autocorrelation coefficient 0.82. The periodicities between the 16-and 128-month scale levels are seen between 1970 and 1979 and also after the 1990s. In addition, slightly weak inter-decadal periodicity is seen at the 250-month (nearly 20-year) scale level for the CWS and the GWS and it is continuous over time. However, this periodicity is not statistically significant and is not supported by the red-noise procedure. Vertical light lines between the 4-and 8-month scale levels can be seen from this figure. These lines show the probability of strong evaporation losses. The mentioned light lines appear for 1974, 1988 and the 1990s. In the GWS figure, a very weak peak appears in the region of the 120-month (nearly 10-year) scale level. CWS and GWS. Some weak periodicities are seen between the 16-and 128-month scale levels. Also, weak periodicity appears in the region of the 128-month scale level. The vertical light lines seen in the figure refer to seasons with high runoffs. In particular, the strongest successive fluctuations in the flow records are seen in 1988. In addition, some of the short-term periodic events are seen in 1982 and 1993. The two strong peaks in 1982-1983 in the monthly runoff series are also easily seen in Figure 2 . The two peaks of the GWS show 6-monthly and 12-monthly strong periodicities in the runoff data.
Figures 4 and 5 show the CWS and the GWS of the monthly hydro-meteorological data. The GWS of the precipitation clearly presents two peaks at the nearly 6-month and 12-month (annual) scale levels (Fig. 4(a) ). Weak periodicities are seen between the 16-month and 64-month scales. Strong precipitation events (seen as vertical bright light lines), such as the 2-8-month scales, are seen in the CWS. It is supposed that these events repeat every 3-5 years. One of these events appears in 1988, when strong runoff and evaporation events also occurred. In addition, strong events on the 2-8-month scale are seen in 1983, 1993 and 1997. The figures for wind speed and relative humidity show weak periodicity in the region of the 120-month scale (nearly 10-year) level but this is not seen continuously over time (Figs 4(b) and 5). In addition, annual periodicity is not continuous over time for wind speed, but it is strongly evident from 1973 to 1979. However, it becomes weaker, even unseen, after 1979. Other periodicities generally appear from 1973 to 1979, as seen in the CWS figures. The CWS and GWS of the temperature show a very strong periodicity on the annual scale (Fig. 5) . To compare two series, x n and y n , the cross-wavelet spectrum of the two series can be determined. The cross-wavelet spectrum can be computed as: The evaporation-relative humidity cross-wavelet spectrum and cross-global wavelet spectra are shown in Figure 6 . The annual cycle can be clearly seen in the wavelet spectra. The 20-year periodicity is also seen but it is weaker. The cross-wavelet spectra of the evaporation and the runoff are seen in Figure 6 . The strong runoff events in the period 1986-1988 are evident in Figure 6 . After 1983, some weak periodicities are also seen between the 16-month and 128-month scale levels in Figure 6 .
Analysis of decomposed wavelet components of hydro-meteorological data
All of the data were decomposed into the various wavelet time series by the discrete wavelet transformation (DWT) for analysis of the relationships between the periodic components. The original signal is first decomposed into an approximation and the accompanying detail. While the approximation coefficients are obtained with a decomposition low-pass filter, the detail coefficients are obtained with a decomposition high-pass filter. The decomposition process is then iterated, with successive approximations being decomposed in turn, so that the original signal is broken down into many lower-resolution components (Mallat 1989 ). The wavelet sub-time series (D) presents variations of the data at the different scale levels. In this study, eight wavelet sub-time series (at the 2-4-, 8-16-, 32-64-, 128-and 256-month scale levels) and one approximation series were obtained by the DWT. Daubechies wavelet is the basis function for decomposition into different parts on different scales. Table 2 shows the correlation coefficients between the wavelet components of the hydro-meteorological data (runoff, precipitation, humidity, wind speed and temperature) and of the evaporation series. For example, the correlation between the D1 component of the runoff and the D1 component of the evaporation is 0.411. In Table 2 , while the D1 wavelet component refers to a 2-month scale level, D2 refers to a 4-month scale level. Table 2 indicates that the D8 wavelet component of the runoff has the highest correlation (its value is 0.831). The D8 component comprises 256 monthly modes, namely nearly 20 years, and its mark can be seen from the wavelet spectra of the relevant data. The D3 component (8-month scale level) has the second highest correlation (its value is 0.529). For all the hydro-meteorological data, it can be clearly seen that the D3 component has the highest correlation with the evaporation wavelet component. The relationship between the D3 component of the relative humidity and that of the evaporation series is quite high but negative (its value is −0.960). For the average temperature, the correlation of the D3 component is 0.987. Similar results can be seen for the Figure 5 . CWS (left) and GWS (right) of (a) monthly total relative humidity, and (b) monthly averaged temperature. White dashed lines indicate the 95% confidence limit for red noise (lag-1 coefficients are 0.75 and 0.84, respectively). Figure 6 . Cross-wavelet analysis -evaporation: (a) relative humidity crosswavelet spectrum and cross-global wavelet spectrum, and (b) river flow crosswavelet spectrum and cross-global wavelet spectrum.
precipitation and wind speed. These results clearly show that the correlation results are parallel to the wavelet spectrum figures. For instance, the 8-month modes and 20-year modes are clearly significant for the evaporation-wind speed connection and similar results can be found for the other parameters. Table 2 also presents the correlations between the D components of the hydro-meteorological data and the observed evaporation data. The strong relationship between the D3 components can be seen clearly in Table 2 . For instance, the D3 component of the precipitation data emphasizes a significant relationship with the observed evaporation data (the correlation coefficient is −0.724). However, the D8 component of the hydro-meteorological data does not show a connection with the observed evaporation data.
The time series of the wavelet coefficients (D components) are shown in Figure 7 for the specific periods. The long time periods (64 and 128 months) were selected for comparison of the wavelet coefficients. Differences in the wavelet coefficients are presented as a function of frequency within the intra-seasonal periods. For evaporation, runoff and precipitation, a clear peak is seen from the beginning of the 1980s to the beginning of the 1990s. In 64-month bands, the peak in the wavelet power of the runoff and the precipitation is clearly seen in 1988 (it refers to a strong runoff event). The relationship between the wind speed and the relative humidity is close. Fluctuations in the 128-month periods do not appear to correspond with the variables.
Tele-connections with North Atlantic Oscillation (NAO) and Southern Oscillation Index (SOI) and evaluation of the results
In this section, the wavelet components of the Turkish hydrometeorological variables (evaporation, precipitation, streamflow, relative humidity, wind speed and temperature) are analysed in association with the SOI and the NAO. The effects of the SOI and NAO are commonly known to orchestrate large variations in climate. The extreme phases of the SOI (very negative or positive) are associated with El Niño (La Niña) events. Tele-connections with Turkey's climatic data for the NAO and SOI were studied by Karabork et al. (2005) . This research indicated potential relationships for both precipitation and streamflow variables in connection with the NAO. The SOI showed weaker relationships in comparison with those for the NAO. In addition, they showed that the influence of the SOI on Turkish temperature data is negligible. Further, Kahya and Karabork (2001) and Karabork and Kahya (2003) researched the effects of El Niño and La Niña events on Turkey's streamflow and precipitation data.
The SOI and NAO index for 1973-2002 are illustrated in Figure 8 . The short-term periodicities, such as the 2-8-month scales, in the Keban precipitation data can be related to the 1982 and 1992 strong El Niño events (Fig. 4) . The strong short-term periodicities in the 1988 runoff data may be explained by the 1988 La Niña event, which was the one of the strongest La Niñas on record (Fig. 3(b) ). The same periodicity in 1988 can also be seen from the evaporation CWS ( Fig. 3(a) ). Also, the 2-8-month periodicity in 1974 in the Keban evaporation data may be considered to be related to the strong La Niña event (Fig. 3(a) ).
The correlations between the D component of the hydrometeorological data and the original SOI and NAO index were researched for the period (Table 3 ). The observed data show correlations with the SOI at 0.08 or lower. These correlations are not significant at the α = 0.05 level. As seen in Table 3 , only the D8 components of evaporation and runoff data have significant correlations at the α = 0.05 significance level. The correlation magnitude of the long-term periodicities (such as the 256-month scale) is more noticeable when compared with short-term periodicities. It can also be seen that the approximate series shows the correlation significance (equal to −0.25 for evaporation). This indicates that low frequencies of the hydrometeorological time series are significantly correlated with the SOI. Table 3 shows that the wavelet components of the hydrometeorological data do not show significant correlation in association with the NAO index at the α = 0.05 significance level. In flow data, the magnitude of the correlation values of the 4-month component (D2) is more satisfactory when compared with one of the other components. It can be said that the influence of the NAO on the Keban hydro-meteorological data can be ignored.
Conclusion
In this study, wavelet analysis was studied to determine the shortand long-term variability in lake evaporation. In addition, the periodic relationships between the evaporation pattern and the hydro-meteorological patterns in Lake Keban were investigated. The primary periodicity is annual for all the hydro-meteorological patterns. The CWS and GWS of the evaporation data show the inter-annual periodicities between the 16-month and 128-month scale levels and also between the 2-month and 8-month scales. Additionally, some weak periodicities are seen at the 64-and 128-month (10-year) scales. Furthermore, weaker periodicity is seen in the 256-month scale which is not statistically significant with the red-noise procedure. The periodicity at the 256-month scale is similar for all the hydro-meteorological data. While it is stronger for the wind speed and relative humidity, it is weaker for the runoff, precipitation and temperature data. The CWS and GWS of the wind speed and relative humidity show some weak periodicities in the region of the 64-month and also almost 10-year scale levels but they are not continuous over time. As a result, it is clear for the Keban hydro-meteorological data that the major interannual periodicity is short term (between the 2-and 16-month scales). On the other hand, some strong runoff events appear in the CWS of the runoff records, especially around 1988. Similarly, strong power in the 2-8-month scales in the wavelet spectrum is seen for evaporation and precipitation in 1988. These signs can be considered to be related to the strong 1988 La Niña event. The periodicities in the 2-8-month scales in the precipitation data can also be interpreted as connected with the 1982 and 1992 strong El Niño events. The time series of the wavelet components were compared to assess the connection between evaporation and the hydrometeorological data. The correlation analysis on the wavelet components shows that the D3 component (the 8-month scale) of the hydro-meteorological data shows a significant 1973 1978 1983 1988 1993 1998 1973 1978 1983 1988 1993 1998 1973 1978 1983 1988 1993 1998 1973 1978 1983 1988 1993 1998 wavelet power (a) (b) Figure 7 . Wavelet components for 64-and 128-month scale levels. The dotted, dashed and solid traces refer to (a) flow, precipitation and evaporation, respectively, and (b) wind speed, relative humidity and evaporation, respectively. relationship with the D8 component of the evaporation series. Only the D8 components of the evaporation and runoff data have significant correlation with the SOI at the α = 0.05 significance level. Also, the 8-month periodic components of the hydro-meteorological data show a considerable correlation with the observed evaporation data. As a result, the evaporation data and the hydro-meteorological data of Lake Keban control some short-term (2-16 months) and long-term (20 years) periodicities. These results shows that intra-annual changes in evaporation are mainly associated with climatic variations, especially wind speed and relative humidity variations. Short-term variations in evaporation mainly correspond to precipitation and runoff.
The wavelet analysis of the hydro-meteorological data of Lake Keban clearly shows the periodic structure of the data and the variations in the data. Some connections were identified between the hydro-meteorological data and the SOI and NAO index. It is hoped that the improvements found will help to realize the uncertainties in the relationships between past evaporation and hydro-meteorological data. Future work must focus on the detection of evaporation response to climate change. 
